Abstract
Introduction
An opinion represents a belief of a person based on her thoughts and ideas with regard to a specific subject. Most people will hold different opinions on different topics ranging from sports, entertainment, spiritual beliefs to moral principles. These can be based on a personal reflection and evaluation. However, many would actually form opinions based on their interactions with others especially when the information is hard to obtain [3] . These information sources include the media, family and friends, close associates (e.g. doctor) or even strangers.
The real-world that we are a part of has a particular network topology underneath. We are a part of different networks such as the network of relatives, friends and the colleagues at work. These networks play an important role in the formation of opinions as interactions between members directly or indirectly influence others in the network.
The researchers working in this field are interested in modeling how one person's opinion may be impacted by another person's opinion. For example, if two individuals are supporters of the same football team but support opposite political views; will they still interact with each other? This is one of the few questions explored in the field of opinion dynamics [2] .
In this paper, we extend Deffuant's model of opinion formation by considering multiple opinions (a vector of opinions) and test it on top of two networks namely the Barabasi-Albert's scale-free network and Erdos-Renyi's random network.
Concepts of opinion dynamics
Concepts such as social influence and opinion formation are the very essence of interpersonal behaviour, and they can entail a great deal of discussion as they are closely related to many other topics such as power, coercion, communication and group dynamics [3] . In spite of the plenitude of background information available, for the purpose of this study, we will only focus on related key concepts in the field of opinion dynamics, these are influence, consensus and polarization. Opinion dynamics is a general term used to describe how and why opinions are formed and the conditions under which consensus or polarization is reached. Lecy and Sonne [4] describe consensus as the collective agreement of members of a group or community. In communication studies and sociology, polarization refers to the division of social group into opposing subgroups that tend to fall within the extreme side of the spectrum, with less and less agents remaining neutral [5] . Influence is a term that closely relates to the aforementioned, it can be defined as the ability to persuade others to share in a desired objective [2] . This involves modifying their attitudes, opinions, feelings and actions [3] . Influence in this paper will only refer to the modification of attitudes and opinions, since the modification of action is a psychological subject that relates to behaviour modification [3] .
Extended model for opinion dynamics
In this section we firstly describe the Deffuant's model and then present the extensions that we have made to the model.
Deffuant's model
The Deffaunt model is simple and intuitive. The model is populated with a set of N agents where each individual has a single opinion. The opinion is a random real number which falls between 0 and 1. For example, agent x can have an opinion of 0.5 and agent y can have an opinion of 1 on the same subject. Agent y is said to have a stronger opinion on the subject. If agent x had an opinion of 0, it does not have an opinion on the subject. Agents will interact to observe the dynamics of opinion formation. Agents are picked at random, to re-adjust their opinions. If the difference in opinion is below the specified threshold (t), adjustment will occur. The threshold is essential since the study is based on the rationale which states that agents (and individuals, for that matter) will not interact unless their opinions are already close enough to start with [1] . The authors specify the adjustment formula as follows, please note that µ is the convergence rate parameter which ranges from 0 to 0.5 and x′ and y′ are the new opinion values of two interacting agents.
The results of the simulations demonstrated higher rates of convergence when the differences in opinions are closer to t. All interacting agents reached consensus at t=0.5, while several clusters of smaller converging opinion groups were formed when t equals 0.3. The existence of extremists who were not willing to change was also inevitable; they appeared when the threshold was close to 0.
The Deffaunt model also covers the notion of vector opinions. The conducted experiment dealt with agents having a vector of 13 opinions. These opinions have a random real number value that falls between 0 and 1. These opinions correspond to pre-specified topics. An agent can interact with another agent if the calculated distance between their vector opinions lie below the threshold (t). This distance is calculated using the hamming distance [1] .
One problem with the use of hamming distance metric is that it checks for an exact match. This can be useful only if the opinion is regarded as binary, "yes" or "no" type of opinion. If the opinions have real number values, say from 0 to 1, agents could choose to interact if their difference in opinions is within certain threshold (e.g. if the difference in the opinion values is less than 0.3). We believe that the threshold based approach might be more realistic and flexible than the exact match based approach.
Another issue is that in real life, two interacting agents do not usually interact randomly as experimented by Deffuant et al. Agents belong to certain social structures such as family hierarchies and they interact with those connected agents based on the network topology. Agents in these structures influence each other's opinion.
Our extended model
We have made three extensions to the Deffuant's model. The extended model focuses on (1) using a vector of opinions where each opinion can be represented using a real number value and applying the Euclidean distance metric to compute the differences in opinions instead of Hamming distance (2) applying the Deffaunt model to well grounded network structures such as BA and ER network topologies, and (3) implementing a two phase filtering process to model agents that attach weightages to opinions that agents held in the past and also to opinions that an agent currently holds.
The model has 100 agents with a vector of six opinions attached to them interacting in either a BA or an ER network. An adjustment of opinions will occur as a result of these interactions. At each time step two nodes will interact if a link connects the two agents based on the network topology. Each agent has access to an array of 6 elements representing 6 opinions. The opinions of the first 5 elements in the array are compared using the Euclidean distance which we will refer to as the difference in previously held opinions. Let us take the opinion values for agent 1 to be x i and the other to be y i . The formula that computes the difference in opinions between two agents for the first 5 opinions is given below. The adjustment of opinions will occur as a result of these interactions using the formula given by Deffuant et al (2002) . Our model makes use of two mechanisms for experimenting with opinion dynamics namely the single phase and two-phase filtering processes. In the single phase filtering process, each agent will change its opinion on the sixth opinion if the difference in the Euclidean distance between two interacting agents for ) ( ' The two phase opinion filtering process starts by checking if the difference in opinions is below the given interaction threshold (t1 1 ) for the first 5 opinions. If the difference is below the threshold, we move to the next level of filtering. We then check if the difference in the sixth opinion for both agents is also below the current threshold (t2). If it is the case then the nodes will adjust their sixth opinions according to Deffaunt's formula shown in formula 2. Otherwise, the nodes will not interact.
Experiments and results

Experiment 1 -The role of network topology on the convergence of opinions (single phase filtering process).
We have experimented with the role of network topologies on opinion convergence. In this experiment, μ and t were set to 0.5. There were 100 agents in the population. Each agent changes its opinion on the sixth opinion if the difference in the Euclidean distance between those two agents for the first five opinions is below t. We varied the diameter of the BA network, keeping the initial set up of the opinions for each agent, the same. The diameter of a graph is the longest path between any two nodes. A graph with large diameter (d) is a sparse graph where the average number of connections between agents is low. A graph with large number of connections will have a small value of d. We have experimented with three different values of d 1 Note that the variable t in single filtering mechanism corresponds to t1 in the two phase filtering mechanism.
(d=4,7,13). Figure 1 shows the convergence of opinions for different values of d. The scatter plot shows the initial 6 th opinion of all the agents (solid diamonds). Then, the agents that were connected to each other, modified their 6 th opinion values. The experiment was run for 100 iterations. At the end of the experiment, the final 6
th opinion values were plotted on the scatter plot. It can be observed that when the diameter of the network becomes small (d=4), then the opinions converge to a particular value (asterisks). When d was 13, there were large number of agents that did not converge to a single opinion (solid rectangles), however there are agents which have converged to a single value (0.56). When the diameter was set to 7 (solid circles), the opinion convergence improved. Though most of the agents had converged there are a few outliers that have not converged. Similar results were observed for ER networks (not shown here).
We have compared the rate of convergence of opinions on top of both ER and BA networks by maintaining the same initial set-up for both experiments. It was observed that there is no significant difference in the rate of convergence in both networks. Our experimental results on opinion convergence are in agreement with the statistical analysis carried out by Barabasi and Albert on the two kinds of networks [6] . They have observed that the diameter (d) of both networks is similar for fixed values of population size and the degree of connectivity. The diameters of BA and ER networks, when population size and average degree of connectivity are fixed, are directly proportional to log (N). As the diameters of both networks are the same, the rates of opinion convergence are similar. However, BA networks are more important because they exhibit the power-law behaviour which is an important characteristic of real-world scale-free networks.
Experiment 2 (Opinion convergence using two phase filtering process)
In the two phase filtering process, an agent adjusts its value for the sixth opinion, only if the Euclidean distance comparison of first 5 opinions between the two interacting agents is less than the threshold t1 and the difference between the 6 th opinion values is less than the threshold t2. We believe that the two phase filtering mechanism mimics the real world. The second phase of filtering takes into account an agent's autonomy or the stubbornness on a particular decision (i.e. sixth opinion which is on a particular topic). The agent, who is deciding on a particular topic (sixth opinion), might want to give a higher weightage to its current opinion than previous opinions (because the agent might be an expert in that field or simply because the agent feels that is the right choice). For example, you might want to choose a Dentist based on the recommendation from your best friends. In that case you will attach a low threshold for t1 (e.g. t1=0.2) while the value of t2 can be high (e.g. 0.5). Alternatively, if you are in the medical field yourself, then you might want to choose the best Dentist based on the recommendation from all your friends (t1=0.5) and considering your current opinion regarding dentist (t1=0.2). Fig. 2 . Scatter plot of opinion convergence in a BA network (two-phase filtering) in a loosely-knit group. Figure 2 shows the convergence of opinions in a BA network using the two-phase filtering process. It can be observed that convergence when t1=0.5 and t2=0.5 (solid triangles, representing a more tolerant group) is higher than when t1=0.3 and t2=0.5 (solid rectangles, representing a more selective group). The selective group had lower convergence because a) they considered opinions from friends who were closer to their own opinions (t1=0.3) and also because the group that they belonged to was loosely-knit. Loosely-knit society is a society with huge differences in values. The group was loosely-knit, because of random initial values (solid diamonds) in the population. For example, a society could be made up of well educated and poorly educated people. The well educated people might have certain political view while the uneducated people might have a different view. In a loosely-knit society agents usually interact within their own subgroups and hence they assign high weightages to opinions of like-minded people. In this case, there will not be a convergence in opinions to a single value. There will be a few clusters of opinions. If the society was a well-knit society (e.g. people belonging to a religious group) where the difference between the first 5 opinions of all the agents was less than t1, then the double filtering mechanism will result in the convergence to a single opinion. For more details please refer to the full version of the paper [7] .
Discussion and future work
We have extended Deffuant's model by incorporating vector opinions which are compared using Euclidean distance by adding filtering processes. We have tested the Deffuant's model on top of BA and ER networks. When two-phase filtering mechanism is compared with single-phase filtering mechanism, the rate of convergence to a single opinion is marginally faster in single-phase mechanism because of the second filter that has been added on top of the single phase filtering mechanism. We believe that the two phase filtering mechanism provides an option for the experimenters to attach different weightages to past opinions and the present opinion while making decisions which is a useful improvement. Some of the proposed constructs for extension are 1) adding media sources to the model (e.g. how common knowledge obtained through television, radio, Internet and other multimedia sources can help opinion dynamics), and 2) conducting investigations based on gathering real data.
